ABSTRACT Motivation: Function annotation of an unclassified protein on the basis of its interaction partners is well documented in the literature. Reliable predictions of interactions from other data sources such as gene expression measurements would provide a useful route to function annotation. We investigate the global relationship of proteinprotein interactions with gene expression. This relationship is studied in four evolutionarily diverse species, for which substantial information regarding their interactions and expression is available: human, mouse, yeast and Escherichia coli. Results: In E.coli the expression of interacting pairs is highly correlated in comparison to random pairs, while in the other three species, the correlation of expression of interacting pairs is only slightly stronger than that of random pairs. To strengthen the correlation, we developed a protocol to integrate ortholog information into the interaction and expression datasets. In all four genomes, the likelihood of predicting protein interactions from highly correlated expression data is increased using our protocol. In yeast, for example, the likelihood of predicting a true interaction, when the correlation is >0.9, increases from 1.4 to 9.4. The improvement demonstrates that protein interactions are reflected in gene expression and the correlation between the two is strengthened by evolution information. The results establish that co-expression of interacting protein pairs is more conserved than that of random ones. Availability: Complete lists of metagenes across the genomes, microarray and protein interaction dataset used in this study are available on our webpage:
INTRODUCTION
Protein function annotation is one of the most challenging problems in the post-genomic era. In this context, the search for decisive bioinformatics methods for assigning protein functions is of prime consequence. Various approaches are available for assigning putative functions to unannotated proteins including sequence similarity methods, clustering patterns of co-regulated genes (Zhang, 1999; Harrington et al., 2000) , phylogenetic profiles (Pellegrini et al., 1999) , protein-protein interactions (Uetz et al., 2000) and protein complexes (Ito et al., 2001; Schwikowski et al., 2000) . Many approaches combine and use more than one of the above properties. * To whom correspondence should be addressed.
An important part of protein function annotation is identifying and characterizing protein-protein interactions. The function of an unclassified protein can be suggested by that of its interaction partners. This approach is becoming more reliable with the accumulation of interaction data and improvement in their quality. Vazquez et al. (2003) proposed assignment of functions to proteins on the basis of their network of physical interactions. Letovsky and Kasif (2003) developed a method based on a probabilistic analysis of graph neighborhoods in a protein-protein interaction network to predict functions. Tornow and Mewes (2003) used protein interactions with gene expression to discover functional modules. The correlation between protein-protein interactions and other types of data, including protein function and subcellular location, was reviewed recently (Chen and Xu, 2003) .
In the current work, we investigate the global relationship of protein interactions with gene expression within and across evolutionary divergent organisms. Interacting proteins are more likely to be involved in similar biological functions and processes and thus they are more likely to be co-expressed. Earlier, Grigoriev (2001) analyzed physical interactions in yeast and observed that proteins encoded by co-expressed genes interact with each other more frequently than with random pairs. Ge et al. (2001) showed that interacting protein pairs are more likely to be in the same expression cluster than random pairs for yeast. On a genomic scale, Jansen et al. (2002) attempted to relate the absolute mRNA expression levels and the expression profiles in yeast to protein-protein interactions. They found that apart from a few big known protein complexes, such as ribosome and proteasome that have clearly defined interactions between their subunits, the relationship between the two is weak.
A few hypotheses may explain the observation of a genome-scale weak correlation in yeast: first, gene expression is weakly correlated with protein interactions only in yeast, in which case the relationship should be studied in other species; second, the expression data is too noisy to capture the correlation, and thus efficient ways to reduce the noise are required. The third possibility, of course, is that the two might be very weakly correlated in all species and their relationship is no easier to detect than that among random pairs.
To comprehensively investigate the relationship on a genomic and evolutionary scale, we will study four genomes: Escherichia coli, Saccharomyces cerevisiae (yeast), Mus musculus (mouse) and Homo sapiens (human). The choice of these four species was based partly on the fact that the data for these species are largely available, which facilitates inference of statistically significant and sound conclusions about these species. More importantly, these species broadly cover the diverse life-forms: from a prokaryote of few thousand genes (E.coli) to the highly complex eukaryote (H.sapiens). We will examine in a range of genomes if the gene expression correlations between interacting pairs are significantly different from those between random pairs. A consensual conclusion will be valuable in the general context of phylogenesis.
Various components and features are preserved by natural selection to the extent of their contribution to conserved cellular functions. In this context, previous studies have claimed that the evolutionary rate of a protein correlates with the essential function of the protein and its level of interaction with other proteins (Hurst and Smith, 1999; Fraser, 2001, 2003; Jordan et al., 2002; Fraser et al., 2004; Pal et al., 2003) . It has been shown that including multiple species in the analysis of gene expression data reduces the noise and improves function prediction (Stuart et al., 2003) . Evolutionary conservation combined with co-expression is a better criterion to identify the genes that are functionally important than either information in isolation (Stuart et al., 2003) .
On the basis of the above observations, we argued that the co-expression of two proteins that interact is more conserved than random and that this conservation can be used to strengthen the correlation between interactome and transcriptome data. The goal here is to combine information from heterogeneous datasets and thereby decrease the noise level of genome-wide predictions. The stronger relationship may also help to integrate other types of functional genomics and proteomics data.
We first present the methodology used to investigate the relationship between protein-protein interactions and gene expression. We then describe our approach of integrating conservation information to strengthen the correlation and present our results. Finally, we conclude with an interpretation of the results and discuss future works that will further complement and extend these findings.
MATERIALS AND METHODS

Databases
Various sets of pre-processed gene expression data were obtained from Stanford Microarray Database (Golub et al., 2003;  http://genomewww5.stanford.edu) for the four genomes (Table 1) . These sets, though not very large in profile length, provide a good sampling of different cellular states and biological conditions: cell-cycle in different states, stress response to different perturbations, sporulation, signaling, stimulation, heat-shock response, UV radiation exposure and enzyme inhibition/promotion. The data was normalized against the different conditions used in these experiments by setting the mean of the profile in each experiment to 0 in the z-score fashion, as used in other published works (Cheadle et al., 2003) .
Protein-protein interaction data were obtained from the DIP database of protein interactions (Xenarios et al., 2002; http://dip.doe-mbi.ucla.edu) . Although the quality of the results from the two-hybrid studies, which are one of the sources of the data, is debated (Ravasz et al., 2002) , this manually created database represents the current best approximation for protein interactions and provides sufficient data for unambiguous statistical analysis. The database for yeast had approximately 11 000 interactions but the number of pairs for the other three species was not very large at the time of download (Table 1) .
Orthologs across different species were obtained from the InParanoid Database of Pairwise Orthologs (Remm et al., 2001 ; http://inparanoid.cgb.ki.se/), which is publicly available. The calculations in this database are based on all entries in SwissProt/Trembl for a given species. 
Quantifying the relationship between the expression and the interaction data
We used Pearson correlation (PC) coefficient as the measure of relationship between gene expression and protein interactions for individual species. For each species, we computed the PC coefficient between the expression profiles of the genes whose corresponding proteins are known to interact. The PC coefficient measures the relative shape of the relationship rather than absolute levels and it captures both positive and negative correlation. Any interactions involving a protein with itself (homodimers) were discarded because these would indicate a perfect correlation that skews the results for a trivial reason. To judge the statistical significance of the interaction data we compared its distributions to that of a control set. The control set was obtained by generating approximately the same number of random gene pairs as the actual interaction pairs (Table 1) . For a quantitative comparison of the interaction dataset with the random one, three key statistics of the datasets were used. For a quick estimation of the dissimilarity of the two datasets, we calculated the difference of their means and medians. In addition, we employed the non-parametric KolmogorovSmirnov (KS) test, which has been used for similar purposes in earlier studies (Fraser et al., 2004) . The P -value reported by this test represents the probability that both the datasets were sampled from the same underlying distribution. Thus, a lower P -value indicates the greater dissimilarity of the two datasets. Especially, the P -value depends upon the sample size as well as the dissimilarity, so we can distinguish objectively when the datasets are similar. Besides these statistical features, an estimate of the likelihood of predicting a true interaction when the correlation between the corresponding genes is significantly strong would be of equal interest. At a coarse-grained level, this can be obtained by dividing the number of true interactions by random interactions having correlation values above a particular cut-off, say PC ≥ 0.7.
'Meta-interactions' across different species
We integrated conservation information with protein interactions and gene expression datasets using the following approach. 'template species') is selected, say yeast, and for each gene from this species, all the orthologs from the other three species were listed. This single set of genes across the multiple species was called a 'metagene' (Stuart et al., 2003) and had genes from at least two species (template species and at least one of the other three species) (Fig. 1A) . Genes from the template species that could not find orthologs from any of the other species were removed. In some cases, more than one ortholog appeared from a single species because of one-to-many and/or many-to-many orthology. In a lot of cases, the metagene did not have orthologous genes from all four species because not every gene in the template species may have its ortholog in all the other three species.
We define a 'meta-interaction' as the interaction between two metagenes whose component proteins from the template species are known to interact physically. The two metagenes are then said to 'meta-interact'. The procedure was performed for all four species one by one obtaining four such lists. We computed the PC coefficient between the expression profiles of the metagenes that meta-interact. The correlation between two metagenes was obtained by averaging the total correlation from all the four species (Fig. 1B) . In case a set of multiple genes appeared from a species, correlation coefficients were calculated for all possible pairs from this set. One single correlation coefficient for this species was obtained by dividing the sum of these correlation coefficients by the total number of pairs (as in Fig. 1B for human) . Besides reflecting the relationship (positive or negative) between gene expression profiles and protein-protein interactions, PC coefficients serve another purpose. If the co-expression of genes encoding for interacting proteins is conserved across species, there would be a high correlation between the metagenes. The extent of this conservation of co-expression of interaction pairs across the species would be reflected in the value of the PC coefficient. It should be noted that in order to calculate the correlation coefficient between the metagenes, the expression profiles for the two component genes from a species must be from the same experiment and this in turn poses a constraint. For mouse, especially, whose available interaction data is already not very large, this constraint further reduces it.
To judge the statistical significance of the distribution of the correlation values for the metagenes that meta-interact, we compare it to the distribution for the control networks using the same statistical measures as mentioned above. We built control networks by generating random gene pairs for the template species. We then picked up their orthologous counterparts in the other three species from the orthologs list and carried out similar computations for this random data. Although we pick up the genuine orthologs, this dataset still remains random because the pairs of genes in the template species are random.
RESULTS
Relationship between the expression profiles and the protein-protein interactions in individual species
We calculated the correlation coefficient between the expression profiles of the genes encoding for proteins that are known to interact. For comparisons, we used the kernel density function, the probability density estimation f(•) of a random variable X. Kernel density functionf h (x) of the density value f(x) at point x is defined aŝ
where K(•) denotes a kernel function and h denotes a bandwidth.
Here we chose the uniform kernel function, which is of the form of
We also compared kernel density distribution with the 'bin' distribution. The correlation range was divided into 20 equal bins (−1-1 with an interval of 0.1). We then plotted the percentage of the total protein-protein interaction pairs having the correlation coefficient falling in each bin. This percentage reflects the probability of finding a protein pair having the correlation in that bin. This distribution essentially represents the probability distribution function. We compared the distribution of the correlation values of the interacting pairs with those of random pairs. As expected, we found that kernel density distribution and bin distribution are quite similar [ Fig. 2 (yeast) and Fig. 3 , data not shown for other species]. This comparison indicates that the shape of the kernel density is not due to smoothing or approximation effect; it is rather the intrinsic feature of the data distribution. Thus all the results are represented with the kernel density distribution. For human and mouse, due to the sparseness of the data, a bandwidth of 0.1 would prove to be quite intolerant. So, to benchmark all the species alike, we used a bandwidth of 0.2.
For E.coli, there is a significant correlation between expression profiles and protein interactions while for the other species, this correlation is only weakly defined. Figure 2 shows that for E.coli, there is a marked difference in the distribution of correlation values for the interaction and the random pairs towards the right half of the plot, especially when r ≥ 0.6. Statistically, the strong correlation is also reflected in a very large difference in the means and the medians of two datasets and by a low P -value from the KS-test (Table 2) . A large difference in the distribution of these two types of data for E.coli might be partly attributed to the small size of its genome. The results above imply that in E.coli, the protein-protein interactions are strongly mirrored in their gene expression profiles. The protein interaction data and the gene expression data do not reinforce each other strongly for the other three species. There is no significant difference in the distributions of the correlation values of the random and the interaction data for these species as suggested by their plots and key statistics (Fig. 2, Table 2 ). In yeast, particularly, there is little distinction in the two distributions and the difference in their means and medians is not significant. However, a low P -value for yeast still suggests, that the distribution of interacting pairs is different from that of random pairs. For human and mouse, although there is some difference in the two distributions towards the right extreme, the difference in the means and medians of the interaction and random data is not statistically significant. For mouse especially, the P -value is not small enough to reject the null hypothesis that both the datasets originate from the same parent distribution.
The results above suggest that while for other species, protein interaction data and expression data are not significantly correlated, for E.coli due to a strong correlation between the two datasets, reliable predictions of interactions can be made from expression profiles. A quantitative idea of this confidence can be derived from the likelihood values (the last column of Table 1), which are higher for E.coli. For other species, a stronger correlation between protein interactions and gene expression needs to be identified in order to increase the confidence of prediction.
Relationship across the species
A previous study shows that the connectivity of well-conserved proteins in the interaction network is negatively correlated with their rate of evolution implying that proteins with more interactions evolve more slowly and selectively than others (Fraser et al., 2002) . Another study that dealt with the interaction network of yeast classified the proteins into isotemporal categories and showed that two proteins The third and the fourth columns represent the difference of the means and medians of the interaction and the random data. This difference is a direct indication of the dissimilarity of the interaction and the random datasets. So, a higher value of this difference reflects a stronger relationship between the expression and the interaction data. In all the four cases, there is an increase in the difference of the means and the medians when the conservation information from multiple species is added. This indicates that adding evolutionary considerations strengthens the relationship between gene expression and protein-protein interaction. The fifth column reports the P -values obtained from the non-parametric KS test that is used to determine if the two datasets (interaction and random) differ significantly. P -values below a cut-off (widely accepted to be 0.05) allow one to safely reject the null hypothesis that the two datasets come from the same underlying distribution and so a lower value indicates the greater dissimilarity of the datasets. It should be noted here that P -values also depend upon the sample size and so these values for yeast are very small for which the sample size was very large (∼11 000) as compared to the interaction information for other genomes (<1000 for human, ∼250 for mouse, ∼500 for E.coli). The last column indicates the likelihood of predicting a true interaction when the correlation between the expression profiles is significant. This is obtained by dividing the probability of interaction pairs by that of random pairs when the PC ≥ 0.7.
tend to interact with each other if they are in the same or similar categories, but tend to avoid each other otherwise (Qin et al., 2003) . These observations lay the groundwork for our hypothesis that co-expression of interacting proteins is more conserved than that of random pairs. Thus, we argued that including evolutionary considerations should strengthen the correlation between the expression and the interaction data. First, using the current knowledge of the protein interaction, we determined the percent of 'intact' interactions over the period of evolution. Here a protein interaction remaining 'intact' means that if two proteins interact in one species, their orthologous counterparts in the other species are also known to interact. We find that, as of the information available so far, <10% of the interactions in yeast are intact in human and mouse, whereas this value for E.coli is higher, ∼40%. This might be explained by the smaller genetic evolutionary distance between yeast and E.coli than between yeast and human, or yeast and mouse. However these numbers are not necessarily representative because the current information available about protein interactions is far from complete and very sparse, especially for mouse. Thus we decide to use a less rigorous definition for metainteraction: when two proteins interact in the template species, their orthologs are assumed to interact in the other species.
We, then, calculate the PC coefficient between the metagenes whose proteins from the template species are known to interact and compare the distribution of their correlation values with those in the control sets (see Methods section). We find that including other species can capture the correlation between protein interactions and corresponding gene expressions when it is not otherwise strongly defined (Fig. 4) .
The plots of the distribution of the correlation values for the random and the metagene interaction data (Fig. 4) depict that in case of yeast (apart from E.coli), there is now a consistently larger number of interacting pairs than random pairs towards the positive extreme of the correlation range (>0.3). It can be seen that when this species is chosen as the template, the distribution of the correlation values for the meta-interaction data shows more deviation from randomness than when it is considered individually. This improvement is also clearly reflected quantitatively in the key statistics (Table 2) . For yeast there is a sharp increase not only in the difference between the means and the medians, but also in the likelihood of correct prediction when PC ≥ 0.7. In case of mouse, although there is not a large increase in the difference between the means and the medians, the P -value is now small enough (<0.05) to safely reject the null hypothesis of the two datasets following the same distribution. An increase in the likelihood of a true prediction is also experienced for mouse. The observations above imply that the signal-to-noise ratio increases for these species when multiple species are included in the analysis. For human, although a significant deviation of the interaction data from randomness is not observed (also suggested by only a small increase in the difference of the means and the medians and in the likelihood), the P -value decreases further. For E.coli, there is only a slight improvement in terms of all key statistics and the likelihood.
To further obtain a quantitative measurement of the improvement in the prediction power in the wake of the inclusion of multiple species, we plot the ratio of the distribution of interacting pairs and random pairs at each abscissa for single species and the same ratio for the meta-interaction data when each species is taken as the template (Fig. 5) . The ratio can be interpreted as the likelihood of predicting a true interaction in the corresponding cases. So, the vertical difference between the two plots at any abscissa directly gives the improvement in this likelihood.
Yeast, among all the four species, witnesses the highest improvement as shown by the striking difference between the two ratios after the first quarter of the positive half. The ratio for the multiple species becomes sharply skewed towards high values along the abscissa. The ratio increases to 9.4 when multiple species are included as compared to only 1.4 in single species towards the right extreme of the range. The improvement is also evident in case of mouse; the likelihood of a correct prediction increases from 4.2 to 12.7. The reason for
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Random pair Metagene pair Fig. 4 . Distribution of the values of correlation for the interaction data and the random data using each species as the template (shown in inset). improvement in true prediction likelihood in these two species is that in the transition from single species to multiple species, random distribution becomes narrower as compared to the interaction distribution. This is not surprising as it is less probable for a random pair to be co-expressed in all the four species than in just one species.
It can be observed that improvement in the case of human and E.coli is minor. In E.coli the ratio of interaction and random pairs is already significantly high when we consider it as a single species thus mitigating the further improvement due to addition of other species.
Finally, we analyzed highly correlated random cases in yeast, for the prediction of protein-protein interactions based on both the information from individual species and, after including conservation, information from multiple species. Of the total random sets of protein pairs, the ones having the average expression correlation >0.9 were examined for their subcellular localizations and functions. We found that the number of protein pairs having the same function and localizations increased as we included the conservation information from the other species (Table 3) . This is a straightforward prediction that uses co-expression, protein functional role and its cellular localization to predict protein-protein interactions.
The results above establish that integration of interactome and transcriptome data in conjunction with conservation information can capture an otherwise weakly defined correlation. Mathematically, for a meta-interaction, there is a higher correlation between component genes from all the four species resulting in a higher average correlation than when the species are considered individually. A higher average correlation can be observed only in the event of co-expression of interaction pairs across all genomes. So, our results establish that co-expression of interacting proteins is more conserved than random. A stronger correlation increases the confidence in the prediction of protein-protein interactions from the microarray data.
DISCUSSION AND CONCLUSION
We have investigated the relationship between protein-protein interactions and gene expression profiles for both individual species and across evolutionary distant species. For individual genomes, we have found that in E.coli there is a strong correlation between the expression profiles for interacting pairs when compared with random pairs, while in other species the correlation is only slightly more significant than random. This implies that protein-protein interactions can be predicted with much more confidence in E.coli than in the other three species.
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Human Mouse Yeast E. coli Fig. 5 . Improvement in the correlation between the expression and the interaction in the wake of inclusion of multiple species. Each point represents the ratio of kernel density for interaction and random data at a particular abscissa. The pairs had the expression correlation coefficient >0.9. Functions of the pairs are indicated. More pairs (having the same function and subcellular locations) became highly correlated when multiple species were included.
It may be argued that this kind of relationship is true for the species with small genome size. So, to test whether this behavior is representative of prokaryotes in general or is observed only in E.coli, we studied this relationship in another prokaryote, Helicobacter pylori, using the same approaches as used for E.coli. Interaction and expression data for this organism were obtained from the same sources as for the other species. The interaction database for this species was not very large (<200) at the time of download. Expression data collected for this species extended over a range of biological conditions and included 32 microarray data points. We plotted the distribution of the correlation values for the interaction and the random data (Fig. 6) . Although we observe that there is only a slight difference between the distributions for interacting and random pairs (PC ≥ 0.6, Fig. 6 ), the sparseness of the interaction data prevented any statistically significant conclusion. More experimental data in H.pylori or any other prokaryote is required before any sound hypothesis can be formulated or validated about the relationship of protein interactions with gene expression for prokaryotes in general.
Previous studies have discussed the general relationship between the protein interactions and genetic expression. Our study shows that the strength of this relationship is species-dependent. For some species there is a very strong signal coming from the interaction data to the expression data whereas for others, this relationship is only weakly defined. To some extent, this is not surprising because of the different complexities and levels of evolution of these species.
We have further shown that inclusion of multiple species in the analysis strengthens the correlation between protein-protein interactions and gene expression towards developing a protocol to increase the signal-to-noise ratio. These results establish that co-expression of interacting proteins is more conserved than that of random pairs on the genome-wide scale of such different organisms. This work further lays the basis for predicting protein-protein interactions using not only their co-expression properties but also that of their orthologous counterparts. For example, in the case of yeast the odds of predicting a true protein interaction, when the correlation of the two proteins is >0.9, are just 1.4:1 when yeast alone is considered; the same odds increase to 9.1:1 when information from all four species is included. These results demonstrate that integration of interactome data with genomic data in conjunction with conservation information can transform protein-protein interaction from noisy information into a purposive source of knowledge.
Although it has been shown that the distribution of the correlation values of interacting proteins improves significantly when diverse species are included in the analysis, there are a number of interaction pairs whose correlation values are not significant. One of the reasons for this is partial co-expression: two proteins that interact in one physiological condition need not interact in all other conditions. This decimates the value of the correlation when the expression profiles extend over different conditions. Another reason could be that of time variance: if correlation exists but with a time lag, it cannot be captured by the PC coefficient. In the case of a time-delay, a cross-correlation function could be used which breaks the expression profiles of two genes into two optimal parts to look for a possible correlation between the two profiles (Kato et al., 2001) .
It seems reasonable that interacting proteins should be simultaneously represented in a cell. However, the relationship between protein-protein interactions and gene expression can be complicated. The gene expression does not always represent its true protein abundance. Besides, protein-protein interactions are in a complex and dynamic behavior. For this study in particular, a possible limitation was the sparseness of the interaction data for some of the species, which was further reduced by the constraint of the presence of the interacting pair in the same microarray experiment. Also, the interaction data for this study was obtained from yeast two-hybrid data that is debated to have some false positives and false negatives. Nevertheless, this cross-correlation study reveals the generic trend inside the data. Therefore, it is important and useful to integrate the two datasets to formulate more meaningful hypotheses. The availability of more high quality interaction data and microarray data will facilitate further studies.
The preference of a protein to interact with another protein in the same isotemporal category and selective evolution of proteins with more interactions form the basis of our hypothesis and consequently our observation that inclusion of multiple species improves the signal-to-noise ratio (Fraser et al., 2002; Qin et al., 2003) . Using known conserved orthologous proteins across species in addition to gene co-expression within each species, we have developed a method to globally establish protein-protein interaction prediction whose confidence is greater than that of using co-expression within individual species.
The main objective of this work is similar in spirit to previous efforts correlating protein interaction data with expression data. However, here we go beyond the concept of co-expression alone and use conservation as the additional tool of cross-correlation of two heterogeneous data. In other words, to determine whether any given proteins interact, we would not only want to look at their co-expression but also would want their orthologs (if present) in other species (all or some) to interact. However, as these constraints might be too imposing sometimes, we suggest that further studies of protein-protein interaction prediction will be more comprehensive if they are supplemented with other information such as sequence information, phylogenetic trees (Sato et al., 2003; Gertz et al., 2003) or even the protein structures if known (Aloy and Russell, 2002) or predicted (Lu et al., 2002 (Lu et al., , 2003 . Integration of these data will provide a framework to help formulate more meaningful biological hypotheses than the hypotheses generated from either approaches individually.
